Volume 4 • Issue 2 • 1000135 for pattern recognition and for identifying a set of metabolites whose concentrations are significantly changed as a result of the melanoma metastasis in stomach. Based on the findings, the potential metabolic pathways/networks that are affected by the disease are discussed. The present study is a complementary work of our previous investigation of metastatic melanoma, as well as a further application of the data processing method proposed in our previous publication [13] .
Introduction
Malignant melanoma is one of the most common cancers in the United States and many other western countries, especially in white populations [1] [2] [3] . Melanoma is also the most dangerous form of skin cancer due to its high capability of invasion and rapid metastasis to other organs, accounting for 90% of skin cancer mortality [2, 4] . Every one person out of 75 in the United States suffers from this aggressive disease [5] . Malignant melanoma is the most common metastatic malignancy found in the Gastrointestinal Tract (GI), and GI metastasis of melanoma can cause a variety of non-specific symptoms, including abdominal pain, fatigue, dysphagia, constipation, tenesmus, small bowel obstruction, and weight loss [6, 7] . GI metastatic melanoma is present in 60% of patients who die of disseminated melanoma. Operative intervention is discouraging, as the five-year survival rates post operation are less than 10% [6] [7] [8] [9] . NMR-based metabolomics, i.e. the combined application of NMR metabolic profiling and multivariate data analysis is an efficient, quantitative and robust method capable not only of identifying metabolite biomarkers for early detection of various diseases, but also providing insight into the pathologies of these diseases through the identification of disturbed metabolic pathways [10] [11] [12] [13] .
In this study, we evaluated the metabolic changes in stomach after metastasis of primary melanoma cells implanted at the flank location on the legs of a B16-F10 melanoma mouse model. We choose stomach as it is one of the two most common sites (stomach and small intestine) involved in GI tract metastasis of melanoma [8] . The GI tract is a complex ecosystem containing approximately 100 trillion of microbial organisms, the varying metabolic activities of which not only determine absorption, digestion, metabolism, and excretion of dietary nutrients but also shape region-specifically the surrounding and distant host cell biochemical processes [14] . Herein, 1 H NMR metabolomics is utilized for metabolic profiling of both hydrophilic and hydrophobic extracts from excised stomachs of the control and the melanoma mice. Multivariate data analysis (both PCA and OPLS) are carried out hours prior to the sacrificing, foods except water were not supplied in order to empty the stomach. Two mice from the experimental group died during the feeding process resulting in five mice per group. Stomach tissues were dissected and snap-frozen at -80°C before NMR spectroscopy and morphology analysis. The presence of malignant melanoma in stomach can be observed by histological images ( Figure  S1 in Supporting Information), which is consistent with prior literature reports [15, 16] . All animal work was approved by the Institutional Animal Care and Use Committee (IACUC) at Pacific Northwest National Laboratory.
Polar and lipophilic metabolites were extracted using a modified Folch method by following published protocol [17] , which was considered to generate the highest yields in mild condition [18, 19] . It has been generally accepted that about 95% of tissue lipids can be extracted during the first step [20] . The detailed recipes for NMR sample preparation can be found in our previous publications [13, 21] . The extraction steps are briefly summarized below.
Step 1: After randomization of the samples, each pre-weighted intact frozen tissue was homogenized in ice bath using a Tissue Tearor (Model 985-370, BioSpec Products, Inc.) after adding 0.25 ml MeOH and 0.053 ml H 2 O for each sample containing 30 to 60 mg of tissue, followed by vortexing the mixture and then adding 0.125 ml chloroform, vortexing again. This process took 7 minutes and kept exactly the same for each sample to minimize the possibility of introducing difference in sample degradation that may occur during this very first but critical extraction step, where enzymes are partially active during the earlier times of the procedure.
Step 2: 0.125 ml chloroform and 0.125 ml water was added to the sample and then vortexed again, followed by transferring different layers into glass vials separately with syringes after the mixture being left on ice for 15 minutes and centrifuged at 8000 rpm for 2 minutes at 4°C. Finally, the solvents were removed by employing a lyophilizer (MeOH/H 2 O layer, hydrophilic metabolites) or by evaporating under dry nitrogen gas (CHCl 3 layer, hydrophobic metabolites). The extracts were then stored at -80°C before performing NMR measurements.
H NMR spectroscopy
The hydrophilic metabolites were reconstituted in 600 μl of D 2 O containing 0.5 mM 3-(trimethylsilyl)-2,2' ,3,3'-tetradeuteropropionate (TSP-d4) as chemical shift reference and internal concentration standard. About 550 μl of the prepared sample was loaded into a standard 5 mm NMR tube (Wilmad, Buena, NJ). 0.2% sodium azide (w/v) was added into the mixture to prevent biodegradation. All 1 H NMR spectra were recorded on a Varian 800 MHz NMR spectrometer equipped with a Z axis-gradient 5 mm HCN probe at 20°C. Onedimension 1 H NMR spectra were acquired from each sample using the standard Varian PRESAT pulse sequence with a single pulse excitation and 1.5 s low power pre-saturation at the water peak position to suppress the residual H 2 O signal. A total of 2048 transients were collected into 32 k complex data points. The acquisition time and recycle delay (RD) of a single scan were 2 s and 1.5 s, respectively, resulting in a total pulse sequence duration of about 3.5 s. The total experimental time for acquiring each spectrum was about 2 h.
Similarly, the hydrophobic metabolites were reconstituted in 600 μl of deuterated chloroform (CDCl 3 ) containing 0.03% (v/v) tetramethylsilane (TMS) shortly before the NMR experiments. About 550 μl of the prepared sample was loaded into a standard 5 mm NMR tube. 1D NMR spectra were acquired at 20 °C using a single pulse sequence with 1024 transients for each spectrum. The acquisition time was 1.9 s and the recycle delay was 2 s, resulting in a total experimental time of about 1 h.
NMR data processing and multivariate data analysis
All free induction decays were multiplied by an exponential function with 0.5 Hz Lorentz line broadening prior to Fourier transformation. And, all 1 H NMR spectra were manually phased and baseline corrected using the Processor module of Chenomx (NMR suite 7.6, Professional) and referenced to the chemical shift of TSP-d4 at 0 ppm. For peak assignment purposes, targeted profiling of hydrophilic extracts using spectral deconvolution method was employed to get the absolute metabolite concentrations with the help of the Profiler module of Chenomx (NMR suite 7.6, Professional) which contains a database of more than 300 common metabolites associated with mammals and bacteria [22] . The detailed description of spectral deconvolution method to obtain the absolute concentration of each metabolite in the NMR tube can be found in our previous publication [13] . The metabolite concentrations were then normalized to per milligram of tissue before extraction followed by multivariate data analysis in SIMCA (Version 13.0.3 64-bit, Umetrics, Umea, Sweden), i.e. Principal Component Analysis (PCA) and Orthogonal Projection to Latent Structure (OPLS). For hydrophobic extracts, spectral binning was used for data reduction before statistical data analysis. The spectral regions at δ 0.6 ~ 6.0 were segmented into discrete bins with equal width of 0.003 ppm using the Profiler module of Chenomx (NMR suite 7.6, Professional). The integral areas of all bins were then normalized to per milligram of tissue before extraction followed by multivariate data analysis in SIMCA.
PCA was performed first using the mean-centered and unitvariance scaled data, i.e. metabolites concentrations for hydrophilic extracts and spectral binning data for hydrophobic extracts, to obtain an overview and detect possible outliers. Subsequently, OPLS was conducted using the autoscaled data as X-matrix (with each row representing a sample, each column representing a variable) and class information as Y-matrix to find significant variables, i.e. metabolites, responsible for the discrimination of two different classes [23, 24] . y = 0 was assigned to the control group and y = 1 to the tumor group before building an OPLS model, so that positive loadings mean up-regulated while negative loadings mean down-regulated [25] . Both PCA and OPLS models were constructed using the non-linear iterative partial least squares (NIPALS) algorithm and model complexity (number of components) was determined by a 7-fold cross-validation method. Model quality was evaluated from the parameters R 2 , revealing the interpretability of the model, and Q 2 , indicating the predictability of the model. Finally, the model significance was further assessed by the CV-ANOVA test at the level of p<0.05 [26] . OPLS loadings plot with color-coded correlation coefficients, was employed to evaluate the variable importance for class separation with warm colored (e.g. red) metabolites being more significant than cold colored (e.g. blue) ones [25] . A cutoff value of |r| > 0.811 for correlation coefficients is chosen to select metabolites responsible for between group variation based on the discrimination significance (p<0.05) [27] [28] [29] .
Results

NMR spectra of stomach tissue extracts
Examples of typical 1 H NMR spectra of hydrophilic extracts obtained from a control mouse and a melanoma mouse were shown in Figure 1 . The peak intensities were normalized to per unit weight of tissue before extraction, so that the concentrations of a given metabolite in the tumor group and the control group can be directly compared visually according to the peak intensities in the corresponding spectrum. Peak assignments were listed in Table 1 . A total of 50 metabolites were identified with good confidence based on spectral deconvolution using Chenomx. Chemical shift identities of metabolites were assigned according to both the scientific literature [13, 28, [30] [31] [32] [33] , and the Chenomx metabolite library. A wide range of amino acids, carbohydrates, glycolysis and tricarboxylic acid cycle (TCA cycle) intermediates were detected. Other observed metabolites included choline metabolites, organic bases, purine and pyrimidine derivatives. Visual inspection of the 1 H NMR spectra revealed apparent metabolic alterations induced by melanoma, i.e. the intensities of nearly all peaks were enhanced by melanoma in the upper trace of Figure 1 when compared with the lower trace from the control group, with only one exception that hypoxanthine (peak 49) was decreased. To identify significantly changed metabolites, thus taking within-group variations into consideration, both PCA and OPLS modeling were performed on the entire spectra set (i.e. five from tumor group and another five from control group).
Melanoma induced metabolic changes in stomach tissue
Unsupervised (or exploratory) data analysis, i.e. PCA in this case, was conducted firstly to get an overview and detect possible outliers. PCA scores plots ( Figure S2 in Supporting Information) showed clear classification of the control and tumor cell treated mice without any outlier. Therefore all 10 samples were kept for further OPLS modeling. In order to maximize the correlation between the X-matrix (i.e. metabolites concentrations or spectral binning data for hydrophilic and hydrophobic extracts, respectively) and Y-matrix (class information, i.e. the control versus melanoma groups) as well as the variation in X-matrix, OPLS was performed to assess variable importance and determine discriminatory variables responsible for separation of different groups [24] . Values of the resulting model parameters, i.e. R 2 and Q 2 , showed good qualities of the generated OPLS models ( Figure  2 ). CV-ANOVA results further confirmed the model validity (p values of 0.0506 and 0.028 for models (a) and (b), respectively). The key variables showing significant differences between the control group and the melanoma group were extracted from the correlation coefficientscoded OPLS loadings plots ( Figure 2 ). Based on the results of OPLS modeling, a group of metabolites were identified to be responsible for the discrimination of the tumor group from the control group with their correlation coefficients tabulated in Table 2 . It's known from Tables 1 and 2 that, compared with the control group, in the tumor group the concentrations of O-phosphocholine and hypoxanthine were decreased (with negative loadings in Figure 2 (a)), while the concentrations of alanine, isoleucine, leucine, valine, serine, glycine, glutamine, threonine, glutamate, isobutyrate, methionine, asparagine, formate, tryptophan, uracil, cadaverine and citrate were increased (with positive loadings in Figure 2 (a)). Figure 2 (b) showed the scores and loadings plot of the OPLS model constructed using the NMR spectral data of hydrophobic contents. Lipid levels were elevated by metastatic melanoma in the stomach, with discriminatory variables showing positive loadings in Figure 2 (b). We consider all these metabolites to be potential biomarker candidates for metastatic melanoma in the stomach.
Discussion
Melanoma is a malignant tumor of melanocytes with high capability of rapid metastasis to other organs, and is the most common metastatic malignancy found in gastrointestinal tract with currently no effective treatment [6] . The ultimate goal of the present study is to understand the metabolic perturbations caused by metastatic melanoma in stomach and to identify the affected metabolic pathway networks for novel therapeutic targets for treating this fatal disease.
Notably, 12 of the 19 identified discriminatory metabolites responsible for the separation of the melanoma group from the control group are amino acids including alanine, isoleucine, leucine, valine, serine, glycine, glutamine, threonine, glutamate, methionine, asparagine, and tryptophan. Among these metabolites, isoleucine, leucine, valine, threonine, methionine, and tryptophan are essential amino acids that can only be obtained from diet, while alanine, serine, glycine, glutamine, glutamate, asparagine are non-essential amino acids. Valine, leucine and isoleucine are branched-chain amino acids (BCAAs), and the degradation of these three amino acids leads to the production of acetyl-CoA which is then oxidized via the citric acid cycle (TCA cycle). Substantial amounts of valine, leucine and isoleucine will be generated by protein breakdown under fasting conditions [34] . Elevation of these three amino acids in tumor bearing mice observed in this study may be attributed to enhanced protein breakdown induced by metastatic melanoma in stomach. Increased protein degradation is consistent with the increased cadaverine levels in melanoma mice; cadaverine is observed in only small quantities in normal, healthy animals and is primarily produced by protein hydrolysis during putrefaction of animal tissue [35] . Further evidence for enhanced proteolysis in melanoma mice is the observation of increased levels of isobutyrate that originates from bacterial fermentation of amino acids [36] . These observations reflect disturbed microbiota metabolism induced by metastatic melanoma.
Glutamate is a multifunctional precursor involved in a variety of metabolic pathways as depicted in the Small Molecule Pathway Database (SMPDB) (http://www.smpdb.ca/). It interconverts with many other metabolites via the actions of different enzymes. For example, glutamate can be generated from alanine or aspartate in combination with 2-Oxoglutarate catalyzed by transaminase, the resulting byproducts (pyruvate and oxaloacetate) of which are key components in glycolysis, gluconeogenesis and the TCA cycle. Glutamate can also be metabolized to glutamine through the action of enzyme glutamine synthetase, which connects the pyruvate metabolism and the pyrimidine metabolism, as well as the purine metabolism [34] . The increased level of glutamate in melanoma group suggests that the above mentioned pathways may have been profoundly disturbed. This is confirmed by observed elevation of glutamine, alanine, citrate, asparagine, and decreased hypoxanthine in the tumor bearing mice which are intermediates of the pyrimidine metabolism, the pyruvate metabolism, the TCA cycle, the glutamate metabolism, and the purine metabolism, respectively. Glutamate signaling in cancer has stimulated extensive research interest recently and has shown great importance in human melanoma development [37] [38] [39] [40] . Increased glutamate concentration has also been reported by previous studies as a common phenomenon in tumors [41] . Furthermore, Magnus Karlsson and coworkers have reported that increased glutamate pools in tumors leads to increased leucine formation, a consistent result reflected in this study [42] . The blockade of glutamate receptors has been proposed as a promising novel therapy for treating melanoma [43] . Catalyzed by carbamoyl phosphate synthetase, glutamine is converted to carbamoyl phosphate and then used for pyrimidine metabolism in which uracil, a pyrimidine derivative, is observed evidently upregulated in tumor bearing mice in the present study. Through a series of reactions, glutamine can also be metabolized to Guanosine Monophosphate (GMP) during purine nucleotide biosynthesis. Successive dephosphorylation and deamination of GMP will lead to Table 2 : Melanoma induced metabolic changes in hydrophilic tissue extracts of stomach Figure: 1 800 MHz liquid state 1 H NMR metabolite spectra of the hydrophilic extracts of stomachs excised from the control (black) and the melanoma mice (red). The peak intensities were normalized to per unit weight of tissue before extraction. The dotted regions were vertically expanded 17 times as denoted in the figure. A total of 50 metabolites were identified with metabolite numbers, i.e. the metabolite keys shown in Table 1 Figure: 2 OPLS scores (left) and coefficients-coded loadings plot (right) of the model discriminating the control (blue dots) and the tumor (green dots) groups. (a) Using the hydrophilic metabolites concentrations obtained by spectral deconvolution (only metabolites with correlation coefficients |r| > 0.811 were plotted, correlation coefficients of all metabolites used for OPLS analysis were listed in Table S1 in Supporting Information). (b) Using the data derived from binning results of 1 H NMR spectra from hydrophobic extracts. CV-ANOVA results gave p values of 0.0506 and 0.028 for models (a) and (b), respectively. A total of 2 components were extracted for both model (a) and model (b). R 2 , i.e. fraction of Y variation modeled by X, was 0.93 and 0.961 for model (a) and model (b), respectively. Lipids peak assignments in model (b): 1, CH 3 CH 2 CH 2 C=C; 2, CH 3 CH 2 ; 3, (CH 2 ) n , CH 3 CH 2 (CH 2 ) n , CH 2 CH 2 CH 2 CO, CH 2 ; 4, CH 2 CH 2 CO; 5, CH 2 C=C; 6, CH 2 CO; 7, C=CHCH 2 CH=C; 8, -CH=CHCH 2 CH=CH-(Unsaturated lipid), =CHCH 2 CH 2 ; 9, =CHCH 2 CH 2 (Unsaturated lipid). "Asterisk" indicates unassigned lipid contents the production of xanthine, an important purine that can alternatively be produced from another notable purine, i.e. hypoxanthine, via the action of xanthine dehydrogenase/oxidase [34] . Significantly increased levels of glutamine and uracil as well as decreased hypoxanthine reflect deviations of the nucleotide pools and perturbed pyrimidine/purine metabolism caused by metastatic melanoma in the stomach, which has been observed in many cancers and has proved to be of central importance in malignant transformation and tumor cell differentiation [44] .
Alanine is most commonly produced from pyruvate via alanine transaminase. Elevation of alanine in melanoma mice may be due to the perturbed expression of alanine transaminase, the level of which is used to evaluate tissue damage and adverse events in preclinical and clinical researches [45, 46] . Enhanced production and excretion of alanine has been reported previously as a metabolic signature of melanoma [13, 47] . In addition to inter-conversion with alanine, pyruvate also plays a central role in key pathways of energy metabolism. It can either be converted by the pyruvate dehydrogenase complex to produce acetyl-CoA for fatty acid synthesis, or carboxylated by pyruvate carboxylase in gluconeogenesis to produce oxaloacetate which participates the TCA cycle [34] . Alternatively, through the transformation to serine catalyzed by serine dehydratase/threonine deaminase, pyruvate is associated with the glycine and serine metabolism in which the concentrations of methionine, serine, and glycine are significantly up-regulated in this study due to metastasis of melanoma to gastrointestinal tract. Recent developments of genetic and functional research have identified that bioactivities of glycine, serine, sarcosine, methionine, and threonine, as well as their related metabolic pathways play essential roles in rapid cell proliferation, transformation, malignancy, and function as drivers of cancer pathogenesis and metastasis [48, 49] . Serine is an essential metabolite for biosynthetic reactions including synthesis of proteins, nucleotides, and phosphatidyl-serine, as well as sphingosine that are required for cell proliferation. Functional genomics studies have revealed significant overexpression of phosphoglycerate dehydrogenase (PHGDH) in breast cancer, melanoma, and several other cancer types, thereby causing flux to the serine biosynthetic pathway in cancer cells and therefore resulting in elevated levels of serine [50] . As a nonessential amino acid, alanine can also be produced as a byproduct of tryptophan metabolism as depicted in Figure 3 . Two other metabolites involved in tryptophan metabolism, i.e. tryptophan and formate, are also significantly increased in melanoma mice, further confirming alteration of tryptophan metabolism induced by metastatic melanoma in stomach. Tryptophan plays essential roles in many physiological processes, and biological metabolism of tryptophan include protein synthesis and degradation through three different routes, i.e. the kynurenine pathway, the serotonin pathway and the tryptamine pathway, with the kynurenine pathway being the predominant degradation route (responsible for about 95% of tryptophan metabolization) when tryptophan is not used for protein synthesis [51] . Increased concentration of tryptophan in melanoma mice may be caused by enhanced protein breakdown, echoing with up-regulated levels of valine, leucine, isoleucine, isobutyrate and cadaverine as afore discussed. Degradation of tryptophan through the kynurenine pathway is catalyzed by tryptophan 2,3-dioxygenase (TDO) and indoleamine 2,3-dioxygenase (IDO) in the initial ratelimiting step of this biochemical process [51] . Previous studies have reported up-regulation of IDO in metastatic malignant melanoma cells, and its strong association with increased number of regulatory T cells transformed from active T lymphocytes, which facilitate tumors to evade immune targeting [52] . Observed accumulation of tryptophan metabolic compounds, i.e. formate and alanine in the present study, may be partly attributed to the up-regulation of IDO in the melanoma bearing mice.
The down-regulated level of O-phosphocholine and up-regulated level of lipids contents imply enhanced lipids metabolism in melanoma mouse stomach. Morvan and coworkers have previously reported strong phospholipids metabolism perturbations in melanoma tumors as a mechanism participating in tumor cell redifferentiation and/ or survival [53, 54] . Tumor metastasis can be activated during cell migration, invasion and angiogenesis by modulating phosphorylation and acetylation of proteins, a process that sphingolipids are involved by mediating the expression of specific genes, such as MMP-2, uPA, ZNF580, MMP-9 [55] . Elevated levels of sphingolipids metabolites, including sphingosine, ceramide, dihydroceramide, sphinganine, sphingosine-1-phophate, as well as sphinganine-1-phosphate, are typical characteristics in tumor tissues of a diversity of cancers, including human endometrial cancer, malignant breast tumor and melanoma, when compared with those in normal tissues [56] . Activation of sphingolipid synthesis is proved to be closely related to tumor formation and growth in mice with melanoma, and suppression of sphingolipids metabolism has been proposed as a potential target for melanoma therapy [56] . The observed elevation of lipids, amino acids, and nucleic acids in the present study may also partly be attributed to promoted tumor cell growth and proliferation of metastatic melanoma in stomach, since these metabolites are needed for construction of new cellular components and the maintenance of various cellular activities [48] .
Collectively, the potentially affected metabolic pathway networks associated with metastatic melanoma in stomach are illustrated in Figure  3 , based on the results from our metabolomics study of this disease and the metabolite fates described in the Small Molecule Pathway Database (http://www.smpdb.ca/) and the literatures as previously discussed.
Conclusions
We have shown that the combined application of 1 H NMR metabolic profiling and multivariate statistical analysis (i.e. PCA and OPLS) is a powerful tool for investigating metastatic melanoma in mouse stomach. Both PCA and OPLS show that the tumor group is well separated from the control group based on either the metabolites found from the hydrophilic extracts or metabolites from the hydrophobic extracts. A total of 50 metabolites with concentration in stomach ranged from as low as 30 µM to as high as 17.9 mM are identified in the hydrophilic tissue extracts [21] . Severe metabolic perturbations have been observed in stomach of melanoma mice. The potentially disturbed metabolic Figure: 3 Schematic diagram of potentially disturbed metabolic pathway networks associated with the significantly altered metabolites during melanoma development based on the findings from this work and the diverse metabolic fates depicted in the Small Molecule Pathway Database (SMPDB) (http://www.smpdb. ca/) and literatures. Solid line indicates one-step process, while dash line indicates multi-steps process. Metabolites colored green are not detected. Metabolic pathways under the numbered shadow squares are parts of metabolism networks of particular metabolites: 1 purine metabolism, 2 glycine and serine metabolism, 3 pyrimidine metabolism, 4 pyruvate metabolism, 5 glutamate metabolism, 6 tryptophan metabolism, 7 threonine degradation. Other significantly affected metabolites pathways are valine, leucine, isoleucine degradation, lipids metabolism, methionine metabolism and TCA cycle pathways revealed by our metabolomics study include pyrimidine metabolism, purine metabolism, pyruvate metabolism, tryptophan metabolism, glycine/serine metabolism, glutamate metabolism, threonine degradation, methionine metabolism, valine/leucine/ isoleucine degradation, lipids metabolism, and TCA cycle. Additionally, the microbiota metabolism has also been evidently altered resulting in enhanced protein breakdown. Therefore, our 1 H NMR metabolomics study clearly show that multiple biological pathways are potentially affected by metastatic melanoma in the stomach. Identification of these altered metabolic pathway networks provides important information for improved understanding of the molecular mechanisms associated with melanoma metastasis in stomach and suggests potential therapeutic targets for treating this fatal disease.
